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With advances in the effectiveness of treatment and disease management, the contribution of chronic comorbid diseases (comorbidities) found within the Charlson comorbidity index to mortality is likely to have changed since development of the index in 1984. The authors reevaluated the Charlson index and reassigned weights to each condition by identifying and following patients to observe mortality within 1 year after hospital discharge. They applied the updated index and weights to hospital discharge data from 6 countries and tested for their ability to predict in-hospital mortality. Compared with the original Charlson weights, weights generated from the Calgary, Alberta, Canada, data (2004) were 0 for 5 comorbidities, decreased for 3 comorbidities, increased for 4 comorbidities, and did not change for 5 comorbidities. The C statistics for discriminating in-hospital mortality between the new score generated from the 12 comorbidities and the Charlson score were 0.825 (new) and 0.808 (old), respectively, in Australian data (2008) The Charlson comorbidity index (1), a method of predicting mortality by classifying or weighting comorbid conditions (comorbidities), has been widely utilized by health researchers to measure burden of disease and case mix. Since the publication of Charlson et al.'s original article in 1987 (1), the paper has been cited nearly 5,500 times, and the index has been validated for its ability to predict mortality in various disease subgroups, including cancer, renal disease, stroke, intensive care, and liver disease (2) (3) (4) (5) (6) (7) (8) . These studies consistently demonstrate that the Charlson index is a valid prognostic indicator for mortality.
In 1984, Charlson et al. defined the clinical conditions to be included in the index after a review of 559 hospital charts for patients admitted to medical services at 1 hospital and then assessed the association of these comorbidities with 1-year all-cause mortality (1). Among many potential comorbidity variables assessed, 17 were found to be associated with 1-year mortality. To measure disease burden, Charlson et al. assigned a weighted score to each comorbid condition based on the relative risk of 1-year mortality. After validating the index in breast cancer patients, Charlson et al. reported that the score as an indicator of disease burden had a strong ability to predict mortality (1) . To apply the index in administrative hospital discharge data, Deyo et al. (9) , Romano et al. (10) , and D'Hoore et al. (11) independently developed coding algorithms using the International Classification of Diseases, Ninth Revision (ICD-9), and its clinical modification (ICD-9-CM). Later, Quan et al. (12) developed International Classification of Diseases, Tenth Revision (ICD-10), coding algorithms to define the Charlson index, and Sundararajan et al. (13) assessed the index's performance in ICD-10 international hospital discharge abstract databases.
With advances in chronic disease management and improvements in treatments and technology, patients now survive longer than they did in 1984 when the original Charlson weights were developed. As such, we felt that it was time to reevaluate the Charlson comorbidities and weights for use with more recent data. Therefore, we followed patients discharged from hospitals for 1 year, using hospital and death certification data to reassess the association of the 17 original Charlson comorbidities with all-cause mortality. We then validated the updated comorbidities and score in hospital discharge abstract data from 6 countries.
MATERIALS AND METHODS

Testing population
The study population included patients who were admitted to hospitals in the Calgary Health Region (Alberta, Canada) in 2004 (population 1.3 million (14)). Canada has a government-financed universal health insurance system. Health-record coders review patient charts and code up to 25 diagnoses and up to 20 procedures using the Canadian version of the ICD-10 and the Canadian Classification of Interventions in the hospital discharge abstracts. For each diagnosis code, a 1-digit ''diagnosis type'' code is assigned to specify the timing of diagnosis (the principal diagnosis is the diagnosis primarily responsible for resource use). Conditions that arise or are diagnosed after hospital admission are labeled postadmission comorbidities or complications.
The analysis sample included Alberta residents aged 18 years and over. For patients with more than 1 hospital admission, we selected the last admission within the year, using the unique personal health number that was recorded in the data.
Defining Charlson comorbidities and outcomes
Using the ICD-10 coding algorithm developed by Quan et al. (12) , we identified the Charlson comorbidities in any of the secondary diagnosis coding fields, excluding conditions that occurred or were diagnosed during hospitalization on the basis of the diagnosis type indicator. For each patient, we retrieved all records 1 year prior to the date of the index hospitalization to identify comorbidities. We defined comorbidities in the previous admissions using major and secondary diagnoses, without consideration of diagnosis type. The presence of a comorbid condition was assigned to a patient when it was present in index or previous admission records. Otherwise, the absence of the condition was assigned to the patient.
The outcomes were all-cause mortality in hospital, at 30 days, and 1 year after admission. In-hospital mortality was defined as death recorded in the hospital discharge data. To determine mortality after discharge, we linked records with the Alberta vital statistics registry using common identifiers of personal health number, name, sex, and date of birth between the 2 databases (15). The vital statistics registry captures nearly all deaths that occur in the province.
External validation
The performance of the updated Charlson index and score was assessed in hospital discharge data from Australia (Victoria State data), Canada (national data), France (national data), Japan (national data), New Zealand (national data), and Switzerland (national data). Comorbidities were defined using secondary diagnoses (excluding major/most responsible diagnosis) in each discharge record for patients aged 18 years. We excluded conditions that arose or were diagnosed during hospitalization using diagnosis type indicators in the Canadian databases. For persons with multiple hospital admissions, only the first admission was included in Australia data.
Statistical analysis and weight assignment
We calculated the frequencies of comorbidities in the testing population. A Cox proportional hazards model was fitted, with mortality within 1 year following admission as the dependent variable and age, sex, and individual comorbidities as independent variables. Collinearity between comorbidities was assessed using a stepwise method. Age, sex, and 1 comorbidity were added to the model as independent variables to assess the relation between comorbidity and mortality. Then 2 comorbidities were added to the model, and changes in the coefficient for comorbidities after addition of the second comorbidity were observed. We repeated this modeling method by taking out the previously added variable and adding another comorbidity variable until the relation of comorbidities and each of the remaining independent variables had been examined. Using the hazard ratios from this model, we updated the weights for the revised Charlson index (1) in the following manner: a weight of 1 for comorbidities with a risk-adjusted hazard ratio of 1.2 but <1.5, a weight of 2 for a hazard ratio of 1.5 but <2.5, a weight of 3 for a hazard ratio of 2.5 but <3.5, a weight of 4 for a hazard ratio of 3.5 but <4.5, and a weight of 6 for a hazard ratio of 6 (no comorbidities had a hazard ratio of 4.5 but <6).
We evaluated the updated Charlson indexes/scores and the revised list of comorbidities in 6 external databases by fitting logistic regression models with in-hospital mortality as the dependent variable and age, sex, and either the individual comorbidities (original or revised) or the Charlson comorbidities/scores (original/revised) as independent variables. We calculated C statistics to assess the discrimination of each model (16) . The C statistic is a summary measure of discrimination which quantifies the ability of the model to assign a high probability of mortality to those patients who died. C statistics are equivalent to the area under the receiver operating characteristic curve. C statistics range from 0.5 to 1.0; a measure of 0.5 indicates that the discrimination is caused by chance alone, and 1.0 indicates perfect discrimination. comorbidities ranged from 0.06% for acquired immunodeficiency syndrome (AIDS)/human immunodeficiency virus (HIV) to 7.1% for chronic pulmonary diseases. The 30-day and 1-year mortality were 3.6% and 5.7%, respectively.
Of the 17 comorbidities, 5 were not associated with mortality within the 1-year follow-up period and were assigned a weight of 0: myocardial infarction, peripheral vascular disease, cerebrovascular disease, peptic ulcer disease, and diabetes without chronic complications (see Table 2 ). Compared with the original Charlson weights, the updated weights increased for congestive heart failure, dementia, mild liver disease, and moderate or severe liver disease; decreased for diabetes with chronic complications, renal disease, and AIDS/HIV; and were unchanged for chronic pulmonary disease, rheumatologic disease, hemiplegia or paraplegia, any malignancy, and metastatic solid tumor. The maximum score for a patient was 24 according to the updated scoring method as compared with 29 for the Charlson index.
The C statistics (see Table 3 ) for the relation between the updated index and the original Charlson index were similar for the logistic models predicting in-hospital, 30-day, and 1-year mortality, regardless of whether individual comorbidities or scores were used.
External validation
Among the 6 hospital samples, the proportion of patients aged 65 years or older was highest in Japan (56.9%) and lowest in New Zealand (37.2%) (see Table 4 ). The proportion Maximum comorbidity score 24 29 Abbreviations: AIDS, acquired immunodeficiency syndrome; HIV, human immunodeficiency virus.
* P > 0.05. a The following comorbid conditions were mutually exclusive: diabetes with chronic complications and diabetes without chronic complications; mild liver disease and moderate or severe liver disease; and any malignancy and metastatic solid tumor. of male patients ranged from 40.7% to 58.3%. Prevalences of the 12 updated comorbidities ranged from 19.1% to 31.9%, and in-hospital mortality ranged from 1.4% to 4.4%.
The C statistic in a model with age, sex, and the 12 updated individual comorbidities for each sample ranged from 0.731 to 0.883. The ability of the model to discriminate in-hospital mortality was similar between the updated index and the original Charlson index in each of the 6 external databases (see Table 4 ). The model with individual comorbidities had a slightly higher C statistic than the model with a summarized score (for example, 0.883 for the model with 12 comorbidities versus 0.878 for the model with a score generated from these 12 comorbidities in French data). The in-hospital mortality increased linearly with the updated score (see Table 5 ).
DISCUSSION
Our study updated the Charlson comorbidity index based on the hazard ratios of individual comorbidities for mortality within 1 year after hospital admission. Only 12 comorbidities were retained in the updated index (as compared with 17 conditions in the original Charlson index). The updated index/score discriminated mortality well in the testing population and 6 validating external databases.
Our findings have 2 major implications. The first implication regards the choice of comorbidities in a study. Comorbidity data are frequently collected through chart review, survey, or registries (17) (18) (19) . Shortening the list of comorbidities without significantly sacrificing the discrimination of the weighted index saves resources in data collection. The second implication regards data analysis. In risk adjustment, Table 4 . commonly either individual comorbidities are included as independent variables or a score is included. For a study with a small sample size, rare comorbidities (such as AIDS/HIV) may cause instability in model performance when included in the model as dummy variables. The reason for this is that the frequency of the outcome (such as mortality) may be zero among patients with rare conditions. The updated weight was lower than the Charlson weight for diabetes with chronic complications, renal disease, and AIDS/HIV but higher for congestive heart failure, dementia, mild liver disease, and moderate or severe liver disease. The increase in weight for these comorbidities may be related to an aging population and the increasing severity of disease in hospitalized patients (20) (21) (22) (23) .
Our analysis demonstrated that myocardial infarction, diabetes without chronic complications, peripheral vascular disease, peptic ulcer disease, and cerebrovascular disease were not associated with mortality within 1 year after hospital admission. The findings are consistent with reports from previous studies. Elixhauser et al. (24) analyzed a large hospital discharge database to assess the association of numerous comorbidities (including Charlson comorbidities) with in-hospital mortality and formed an index. The index did not include myocardial infarction, peptic ulcer disease, or cerebrovascular disease. van Walraven et al. (25) reassessed the Elixhauser comorbidities using 1996 and 2008 hospital discharge abstract administrative data and found that diabetes without chronic complications was not associated with in-hospital mortality whereas peripheral vascular disease was (risk-adjusted odds ratio ¼ 1.26).
We excluded conditions from our analysis considered to be either the diagnosis most responsible for the hospital admission or the one mainly responsible for resource utilization (i.e., the major diagnosis). We also excluded conditions that arose or were diagnosed during hospitalization in defining our comorbidities. This approach may have excluded acute conditions, such as acute myocardial infarction and stroke, as well as chronic conditions, such as old myocardial infarction and consequences of stroke (i.e., hemiplegia or paraplegia).
Comorbidities should include conditions that are present upon admission. In data from some countries (such as Canada, the United States, and Australia), the timing of condition occurrence or diagnosis is flagged. Among 5 disease cohorts and 3 procedure cohorts in New York and California administrative data, Pine et al. (26) compared prediction of in-hospital mortality performance with or without exclusion of conditions present upon admission. The average C statistic increased from 0.79 in the model without consideration of conditions present on admission to 0.84 in the model including conditions present on admission. Ghali et al. (27) ranked in-hospital mortality associated with coronary artery bypass graft surgery among 23 Canadian hospitals using 2 risk adjustment methods (i.e., including or excluding conditions that occurred or were diagnosed in the hospital). The study demonstrated that the hospital rank was not consistent between the 2 analyses and recommended the use of diagnosis type or presence on admission indicators in future risk adjustment analyses.
We fitted logistic regression models using 2 methods of adding independent variables. The models with 12 dummy comorbidity variables (i.e., individual comorbidities) had a slightly higher C statistic than the model with score as the independent variable. Although the C statistic value is related to the number of independent variables (i.e., the more variables the higher the C statistic) (16), we recommend that researchers fit a model with 12 individual conditions rather than the score alone, because we believe this approach enhances the ability of risk adjustment to control for potential confounding.
We found that the C statistic value ranged from 0.727 to 0.878 in the 6 external databases. This variation may reflect the health status or case mix of the hospital populations studied and/or data quality. The purpose of risk adjustment as conceptualized by Iezzoni et al. (28) is to isolate the effects of the intrinsic patient-related risk factors from any assessments of the quality of care. Data errors may occur in the process of creating administrative data due to physician misdiagnosis, incomplete documentation of clinical information in hospital charts, incomplete diagnoses or coders' miscoding of diagnoses, and the nature of the health-care funding system (29) . Considering the potential for overcoding for reimbursement, Hsia et al. (30, 31) assessed the accuracy of US claims data by grouping clinically interrelated diagnostic codes into Diagnosis Related Groups to measure the effect of incorrect coding on Diagnosis Related Group assignment. They reported that coding errors decreased significantly, from 21% in 1985 to 15% in 1988 (30, 31) .
Validation studies of Charlson comorbidities that have employed administrative data (18, (32) (33) (34) (35) (36) have found that these comorbidity variables were coded reasonably well. Many other investigators (37) (38) (39) (40) (41) (42) (43) (44) (45) (46) (47) (48) (49) (50) (51) (52) have conducted validation studies focusing on certain clinical conditions or complications of substandard care and have found that administrative data are accurately coded for many severe or life-threatening conditions, such as cancer, but some clinically nonspecific and symptomatic conditions, such as rheumatologic disease, are less accurately coded. Administrative data may also underestimate the presence of conditions. Japanese data record up to 10 diagnoses, while the other 5 countries' databases have at least 15 coding fields for secondary diagnoses. Because of the limited number of coding fields for diagnosis, the prevalence of comorbidities identified by the Japanese data is more likely to be an underestimate compared with the results from other countries.
To overcome the potential to underestimate the prevalence of comorbidity, researchers may enhance comorbidity ascertainment by using records of hospital admissions occurring prior to the index admission. Lee et al. (5) defined the prevalence of Charlson comorbidities in both chart and hospital abstract data by using an index admission and a combination of index and prior admissions among heart failure patients. They found that prevalence of comorbidities increased substantially with the inclusion of previous admissions occurring up to 3 years prior to the index admission. Comorbidity prevalence was lower in administrative data than in chart data. In a model predicting 30-day mortality, the C statistic was 0.729 in chart data, 0.691 in index hospital abstract data, 0.694 in abstract data with a combination of the index admission and previous admissions up to 1 year, and 0.703 in abstract data with a combination of the index admission and previous admissions up to 2 years. The C statistic did not increase in the data with a combination of index admission and previous admissions up to 4 years from that of previous admissions up to 3 years. Therefore, enhancing comorbidity prevalence using previous admissions can increase model performance. Because this method is best undertaken with a reliable unique patient identifier to link records across hospitalizations, it is not always possible to maximize comorbidity ascertainment.
A major strength of our study is that patient survival was determined in population-based data. Further, the updated index was validated in external databases from 6 countries in Asia, Europe, the Pacific, and North America. Our findings were consistent across these national databases, indicating that our results are likely to be generalizable to other regions. However, additional validation in disease-specific cohorts and other national data is necessary.
This study had limitations. Charlson et al. defined comorbidities through chart review (1), but we used administrative data. The difference in data quality between these 2 methods may have affected our findings. Quan et al. (36) reviewed 4,008 randomly selected charts for patients admitted to hospitals in Alberta, Canada, in 2003 to assess the agreement between administrative data and chart data in relation to Charlson comorbidities. The kappa value ranged from 0.52 to 0.83, indicating moderate to almost-perfect agreement according to Landis and Koch (53) . The second limitation is that clinical severity of disease is not coded in administrative data. Therefore, we could not adjust for that important variable in our survival analysis. The third limitation is that the updated index was developed for predicting 1-year mortality following the method used by Charlson et al. (1) . However, the external data validation was conducted by predicting in-hospital mortality, since it was not feasible to determine mortality after discharge in some of these external databases. The fourth limitation is that the model was validated only in developed countries. Generalizability of the method to developing and economically transitional countries requires further evaluation.
In conclusion, our updated Charlson index consists of 12 comorbidities rather than the original 17. The updated index and score show a good ability to discriminate outcome with regard to hospital mortality in 6 developed-country databases but would benefit from validation in other, developing-country databases and disease-/procedurespecific cohorts. Because the Charlson comorbidity index was developed to predict hospital mortality, its performance for predicting health-resource use, such as length of stay, service utilization, and cost, requires further investigation.
